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Abstract
 Background—Extreme heat (EH) is a growing concern with climate change, and protecting 
human health requires knowledge of vulnerability factors. We evaluated whether associations 
between EH (maximum temperature > 97th percentile) and hospitalization for renal, heat and 
respiratory diseases among people ≥ 65 years differed by individual and area-level characteristics.
 Methods—We used Medicare billing records, airport weather data, U.S. Census data and 
satellite land cover imagery in 109 US cities, May-September, 1992–2006, in a time-stratified 
case-crossover design. Interaction terms between EH and individual (> 78 years, black race, sex) 
and home ZIP-code (percentages of non-green space, high school education, housing built before 
1940) characteristics were incorporated in a single model. Next, we pooled city-specific effect 
estimates or regressed them on quartiles of air conditioning prevalence (ACP) in a multivariate 
random effects meta-analysis.
 Results—EH and combined renal/heat/respiratory hospitalization associations were stronger 
among blacks, the very old, in ZIP codes with lower educational attainment or older housing and 
in cities with lower ACP. For example, for EH versus non-heat days, we found a 15% (95% CI 
11%–19%) increase in renal/heat/respiratory hospitalizations among individuals in ZIP codes with 
higher percent of older homes in contrast to a 9% (95% CI 6%–12%) increase in hospitalizations 
in ZIP codes with lower percent older homes.
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 Conclusion—Vulnerability to EH-associated hospitalization may be influenced by age, 
educational attainment, housing age and ACP.
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 1. Introduction
Over the 21st century, extreme heat (EH) episodes are very likely to increase (IPCC 2013). 
To adapt to climate change, community leaders, public health officials and emergency 
preparedness officials are interested in extreme-heat vulnerability assessments and in 
understanding which populations are most vulnerable to the health consequences of EH 
(Bierbaum et al. 2013, White-Newsome et al. 2014). Furthermore, estimates of the present 
and future burden of disease due to climate change can be informed by estimates of heat-
health associations within subgroups of the population, which vary geographically and over 
time. Characteristics of vulnerability include personal characteristics, community attributes, 
and housing factors. These characteristics can enhance vulnerability to EH-related health 
outcomes, including deaths and hospitalizations, ambulance dispatches or emergency room 
visits for heat stroke, heat exhaustion, fluid and electrolyte abnormalities, renal failure, 
cardiovascular disease and respiratory disease. Research estimating increased vulnerability 
by each of these characteristics can inform these efforts across multiple groups of 
stakeholders.
The association between heat and mortality is well studied across a wide variety of climates 
(Anderson et al. 2009, Gosling et al. 2009, Hajat et al. 2010). Several studies have examined 
associations between heat and morbidity, but with mixed results (Bhaskaran 2009, Turner et 
al. 2012, Ye et al. 2012). A meta-analysis suggested an association between heat and 
hospitalization for respiratory but not cardiovascular causes (Turner et al. 2012). More 
recently, our study of 114 cities across the U.S. found 15% and 4% cumulative increases in 
hospitalizations for renal and respiratory diseases, respectively, over the eight days following 
EH. In contrast, we did not find an EH associated increase in hospitalizations for 
cardiovascular diseases. Furthermore, we observed significant heterogeneity within and 
between climate zones, suggesting that personal and area characteristics may modify the 
associations between EH and hospitalization for renal and respiratory diseases (Gronlund et 
al. 2014).
Individual-level or area-level characteristics which increase vulnerability to heat-associated 
morbidity have also been evaluated in previous studies, with widely varying results. Age has 
been found to modify the association between EH and mortality, with EH effects greater 
among individuals at least 65 years old (Basu 2009). Some U.S. studies have suggested 
increased vulnerability by racial and ethnic characteristics, with increased vulnerability 
among non-whites or blacks (Fletcher et al. 2012, Lin et al. 2009, Medina-Ramon et al. 
2006, Noe et al. 2012, O’Neill et al. 2003, Schwartz 2005, Ye et al. 2012, Zanobetti et al. 
2013) and decreased vulnerability among Asians (Noe et al. 2012), while other studies have 
not found increased vulnerability by racial and ethnic characteristics (Green et al. 2010, 
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Pillai et al. 2014). Beyond individual racial effects, there may be neighborhood-level effects 
of living in a community of racial minorities(Morenoff and Lynch 2004), where resources 
and information for coping with EH may be further limited as a result of present and 
historical racial segregation.
Some studies have found increased vulnerability to heat-associated morbidity by 
surrounding imperviousness or lack of vegetation (Harlan et al. 2013, Smargiassi et al. 2009, 
Uejio et al. 2011, Xu et al. 2013, Zanobetti et al. 2013), while other studies have not 
(Madrigano et al. 2013, Uejio et al. 2011). In the U.S., individual or area-level low 
educational level has been associated with increased heat-associated mortality in some 
studies (O’Neill et al. 2003, Zanobetti et al. 2013) but not others (Basu et al. 2008, Medina-
Ramon et al. 2006). However, U.S. studies have been more consistent in their findings of 
increased vulnerability to heat in low-income neighborhoods or communities (Anderson et 
al. 2009, Fletcher et al. 2012, Madrigano et al. 2013, Zanobetti et al. 2013).
Housing characteristics, including community-level air conditioning prevalence (ACP) and 
individual AC usage, have also been identified as largely protective factors during periods of 
EH (Gronlund et al. 2014). In Barcelona, census-tract housing age was protective against 
heat-wave mortality (Xu et al. 2013). Case-control studies of heat waves, including the 1995 
Chicago heat wave and the 2003 French heat wave, found housing characteristics such as 
working air conditioners (Semenza et al. 1996) and good home insulation (Vandentorren et 
al. 2006) to be protective against heat-wave mortality. Research using qualitative or 
quantitative interview techniques has also identified air-conditioning use as highly protective 
against heat morbidity and mortality (Sampson et al. 2013).
Multiple individual and community characteristics have been assessed as potential 
vulnerability factors in the literature. However, several of these factors, such as abundance of 
vegetation and income in a neighborhood (Harlan et al. 2013), can be correlated with one 
another, both be associated with the outcome and thus confound, or be confused with, one 
another (Rothman et al. 2008). This limits the investigator’s ability to assess which factors 
are likely to be the primary influence on vulnerability and thus are priority targets for 
intervention.
In this study, we used methods that addressed confounding among the characteristics of age, 
race, sex, neighborhood racial composition, neighborhood non-green space, neighborhood 
educational attainment and neighborhood housing age. We applied these methods to a large 
U.S.-based dataset of hospital admissions among people aged 65 and older. Previous 
research has indicated that although hospitalization rates for causes coded as heat-related are 
low, hospitalizations for renal, heat and respiratory causes are associated with EH (Gronlund 
et al. 2014, Ye et al. 2012). Therefore, to study vulnerability to EH, we treated the potential 
vulnerability characteristics as “effect modifiers,” or we examined how the hospitalization-
EH association varied across different levels of each vulnerability characteristic (Greenland 
et al. 2008). We addressed issues of confounding among the vulnerability characteristics by 
including them simultaneously in a regression model. We also assessed whether the potential 
effects of each of these characteristics were evident only in cities with low ACP.
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Our specific objective was to examine vulnerability to the effect of EH in elderly US adults 
on hospitalizations for renal, heat and respiratory causes. Within categories of regional ACP 
prevalence and overall, we determined how EH effects increased with increasing age, black 
race, and male sex. We also determined how EH effects increased with increasing ZIP-code 
(postal code) percentages of non-green space, low educational attainment, black race, 
poverty and housing age.
 2. Methods
 2.1. Study cities and temperature
The 200 counties in the continental U.S. with the largest number of hospitalizations among 
the elderly were collapsed into 135 study cities and were assigned daily temperature values, 
as previously described (Gronlund et al. 2014, Zanobetti et al. 2013). For each study city, 
daily maximum temperatures were obtained via the National Climatic Data Center from the 
nearest monitor, often an airport, with the most complete time series. The months of May-
September were chosen because these are the months of the warm season in the U.S. and 
virtually all EH events occurred in these months. Of the 135 cities, we obtained information 
on air conditioning prevalence in 109 cities as described further below, thereby reducing our 
sample to 109 cities.
 2.2. Health outcomes data
We obtained emergency hospitalizations for individuals 65 years and older during 1992–
2006 from the U.S. Centers for Medicare and Medicaid Services MedPAR billing records. 
We created indicator variables for male sex (Male), black race (Black), and aged 78 years 
and older vs. 65–78 years (Aged 78+). The age cut point of 78 years was the median age in 
the study sample. We categorized hospitalizations with the International Classification of 
Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) admission codes of 580–589 
(renal, primary admission code only), 992 (effects of heat and light, primary and secondary) 
and E900.0 (excessive heat due to weather conditions, primary and secondary) as “renal/
heat.” In addition to analyzing a combination of these three categories (renal/heat/
respiratory), we combined renal and heat admissions into a single category because each 
category individually comprised too few daily admissions to provide sufficient power to 
assess effect modification (Gronlund et al. 2014). Additionally, in previous analyses 
(Gronlund et al. 2014), associations between EH and respiratory, but not renal, 
hospitalizations differed by climate zone. Furthermore, we might expect certain potential 
effect modifiers, such as housing age and non-green space, to act differently on respiratory 
vs. renal/heat hospitalizations given the potential independent effects on respiratory health of 
poor housing conditions and tree and grass pollen. Therefore, among the causes for which 
we previously found an association with EH, we analyzed respiratory (ICD-9-CM codes 
480–487, 490–492 and 494–496, primary) separately from non-respiratory (i.e., renal/heat) 
hospitalizations.
 2.3. Area-level data
We obtained the following ZIP-code characteristics from Decennial Census Long Form data 
in 2000 ZIP Code Tabulation Areas (ZCTAs, polygons constructed by the U.S. Census 
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Bureau approximating ZIP codes), for 1990 and 2000 (Geolytics, Inc. 2006): percentages of 
residents of black race (% Black), residents without a high school degree (% No HS), 
households below the poverty level (% Poverty) and households in structures built before 
1940 (% Built < 1940). We chose 1939 or earlier as our oldest housing category because the 
U.S. Census has previously used this as a definition of “old” housing (Bennefield and 
Bonnette 2003). Additionally, in an analysis of the 1999 American Housing Survey data 
obtained for this study, 80% of homes built before 1940 did not have central AC while only 
40% of homes built in 1940 or later lacked central AC (U.S. Census Bureau 2008). Although 
we also tested for individual effects of black race, we included the ZIP-code level measure 
of race, as well, to distinguish area-level, or neighborhood effects, from individual effects.
Land cover classifications at a resolution of 30 × 30 m were obtained from the Multi-
Resolution Land Characteristics Consortium for 1992 and 2001, and percent area non-green 
space in each ZIP code (% Non-Green) was calculated as the percentage of 30 × 30 m pixels 
that were not classified as open water, developed open space (mostly lawn grasses), forest, 
shrubland, scrub, agricultural, grasses or wetlands.
We obtained annual ACP for 109 of the study cities from 1985–2005 from the American 
Housing Survey (U.S. Census Bureau 2008). We assigned the corresponding Metropolitan 
Statistical Area ACP when the county ACP was not available, and we averaged the county 
values to obtain a citywide value. We used the ACP in 1999 as our measure of ACP, and 
when missing, ACP in 1999 was linearly interpolated from the preceding and following 
annual values for that city. We tested the sensitivity of our results to using ACP in only 1999 
by modeling ACP as the mean of the available annual ACPs within each city.
We estimated annual values for land cover and socio-demographic characteristics for each 
ZIP code as the value from the nearest year of available data, 1992 or 2006 for the land 
cover data or 1990 or 2000 for the Census socio-demographic data.
 2.4. Statistical analysis
We used a time-stratified case-crossover design as previously described (Medina-Ramon et 
al. 2007) to evaluate the association between heat and hospitalizations in each city for May-
September. In a time-stratified case-crossover design, cases serve as their own controls on 
days other than the day on which the hospitalization occurred (case day) but within the same 
“time strata,” which were defined here as the same month and day-of-week as the case day. 
In this study design, appropriate for short-term health effects and short-term exposures, 
characteristics that are non- or slowly-time varying are automatically controlled for. We 
applied conditional logistic regression using the coxph function in the survival package in R.
In previous work, we extensively studied the functional relationship between EH and 
hospitalizations up to 7 days following the EH in this sample of elderly individuals. In 
general, associations between renal and respiratory hospitalizations increased at a nonlinear, 
progressively increasing rate between the 90th and 99th percentiles of city-specific daily 
temperature, with little difference in results depending on whether we used minimum, mean, 
maximum or apparent temperature (Gronlund et al. 2014). Therefore, we modeled 
temperature as a step function, or three binary categories, with steps at the city-specific 0–
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90th percentiles of daily maximum temperature, 90th–97th percentiles (moderate heat, MH) 
and above the 97th percentiles (EH). Temperature percentiles were calculated from each 
city’s distribution from 1992–2006. We modeled temperature as a step instead of continuous 
function to restrict our analyses to “discordant sets,” or instances where any exposures 
differed between the matched case and controls, making analysis of the largest cities 
computationally feasible by minimizing the size of the analysis dataset while still allowing 
for a nonlinear dose-response relationship. Note that in matched designs, only discordant 
sets contribute information. We modeled temperature exposure as means of daily 
temperature lags to reduce collinearity between lags. Specifically, we used the following 
lags for MH and EH: 0–1 (the day of and prior to hospital admission) and 2–5 (2 to 5 days 
before hospital admission). We chose these lags based on the significant positive EH effects 
seen through lag day 5 in previous research (Gronlund et al. 2014). Collinearity was thus 
reduced given that, for example, EH01 and EH25 are less correlated as compared to the 
independent EH on lag days 0, 1 and 2, which are highly correlated. This lag structure also 
allowed the strengths and directions of effects to vary between the short term (mean of lags 
0–1) and a slightly longer time period (mean of lags 2–5) with a small enough number of 
terms to perform a multivariate meta-analysis on 109 cities.
First, we examined effect modification by individual (Male, Black, Aged 78+) and area-level 
characteristics (% Black, % No HS, % Poverty and % Built < 1940). We examined effect 
modification by including interaction terms between each of the two EH lags (EH01 and 
EH25) and each potential effect modifier. Effect modifiers can confound other effect 
modifiers (see Section 1 for definitions of confounding and effect modification), and given 
our large sample size, we were able to control for confounding among these potential effect 
modifiers by including multiple interaction terms together in the same model. We included 
interactions between each of the potential modifiers and both of the EH time lags to provide 
for either potential differences in vulnerability by lag or potential short-term declines in 
hospitalizations in the 2–5 days following EH within each category of modifier. In addition 
to parameters for each matched set of case and controls which were conditioned out of the 
likelihood function, we modeled:
[1]
where EM1–EM3 were indicator variables Male, Black and Aged 78+, respectively, and 
EM4–EM8 were ZIP-code “% Non-Green,” “% No HS,” “% Black” and “% Built < 1940,” 
respectively, modeled simultaneously (Gronlund et al. 2015). We also considered models 
with “% Poverty” instead of “% No HS” as the measure of socioeconomic status.
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To estimate pooled effects across cities and evaluate how city-level ACP modified the effects 
of individual- and ZIP-code characteristics, we regressed city-specific model coefficients 
against quartiles of citywide percent ACP in 1999 in a second-stage multivariate random 
effect meta-analysis using the method of moments, which is a simple extension of 
Dersimonian and Laird’s inverse-weighted random effects meta analysis to the multivariate 
setting (Jackson et al. 2010, Gasparrini et al. 2012). Meta-analyses were performed using the 
mvmeta package in R 2.15. From the meta-analyses, for each cause of admission for each 
ACP quartile, we presented the effect of EH over two days (the main EH01 effect) pooled 
across cities and the cumulative effect of EH over six days in total (the sum of the EH01 and 
EH25 effects) pooled as well as by ACP quartile, holding all the modifiers at their respective 
study-wide median values. We also estimated the effects for high and low values (1 and 0 for 
the individual-level or 75th and 25th study-wide percentiles for the ZIP-code-level 
characteristics) holding remaining modifiers at their median values. Variances were 
estimated using the delta method on the within-city covariance matrix resulting from the 
meta analysis, and covariances were specified for each ACP level. The hospitalization events 
were rare, so the estimated odds ratios (ORs) were assumed to approximate risk ratios, and 
percent increase in risk was estimated as (OR – 1) * 100%.
We also assessed multicollinearity, or whether the terms in our model were highly correlated 
such that any term was well predicted by the remaining terms in the model. In this 
undesirable circumstance, the effect estimates are highly sensitive to minor changes in the 
model or data. Variance inflation factors (VIFs, 1/1 – R2) were calculated among each city’s 
cases by regressing each term in equation 1 on the other terms. VIFs were below 10, except 
for black or “% Black” in 22 cities (Figure S1). These two characteristics were excluded 
from the models for these 22 cities, and the variances and covariances for these terms were 
replaced with very high within-study variances to minimize their contribution to the meta-
analysis (Jackson et al. 2010, Gasparrini et al. 2012).
In previous research of the associations between EH and hospitalizations in this case series 
of Medicare recipients, we did not find confounding of the EH-hospitalization association by 
ozone or holidays (Gronlund et al. 2014). In the present analysis, to test for potential spatial 
autocorrelation, we examined the sensitivity of our results in five large cities representing a 
wide range of ACPs, New York City, NY, Chicago, IL, Houston, TX, Los Angeles, CA and 
Minneapolis, MN, to estimating robust standard errors clustered on ZIP code.
 3. Results
 3.1. Individual, ZIP code and city characteristics
The 109 study cities were distributed widely across the U.S. (Figure S1). Among the cities, 
the mean daily number of hospitalizations for renal or heat-related causes ranged from 0.1 to 
6.8 hospitalizations and 1.0–49.0 for respiratory causes (Table 1). The percentage of 
hospitalizations among individuals aged 78+ years ranged widely (38%–60%), and the 
percentage of hospitalizations among black individuals ranged even more widely (5.2%–
66.2%). City-specific thresholds for EH also differed greatly, from, e.g., 28.6 °C (San Diego, 
CA) to 44.4 °C (Phoenix, AZ) for the 97th percentile of temperature. Among the study ZIP 
codes, the full range of percentages (0–100%) of each characteristic was represented. ACP 
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ranged widely and was evenly distributed among the study cities. The 90th percentile of 
daily maximum temperature and ACP were moderately correlated (r = 0.70).
The ZIP code characteristics were weakly to moderately correlated with each other (r = 0–
0.58, Table S1), with the exception of “% Poverty” and “% No HS,” which were more 
strongly correlated (r = 0.72).
 3.2. Main EH effects
For the two-day EH effects vs. non-heat, EH was associated with an 8% (95% CI 6%-11%) 
increase in hospitalizations for renal/heat/respiratory causes (Median effect, Figure 1A). For 
the six-day cumulative EH effects vs. non-heat, associations between EH and renal/heat/
respiratory hospitalizations were even stronger than for two-day EH effects, with a 11% 
(95% CI 8%–14%) increase in hospitalizations (Median effect, Figure 1B).
 3.3 Effect modification by individual and ZIP-code characteristics
 3.3.1 Two-day effects—The associations between EH on lag days 0–1 with renal/heat/
respiratory hospitalizations were significantly greater among men, blacks, individuals aged 
78+ years and in ZIP codes with high “% Built < 1940” (Figure 1A). For example, among 
blacks, EH was associated with a 14% (95% CI 9%–19%) increase in hospitalizations for 
renal/heat/respiratory causes, while among non-blacks, EH was associated with a 7% (95% 
CI 5%–9%) increase in renal/heat/respiratory hospitalizations.
 3.3.2. Six-day cumulative effects—The modification seen for two-day EH effects by 
sex did not persist when we considered the cumulative effects of EH over six days (Figure 
1B). However, individual age, black race and ZIP code “% Built < 1940” continued to 
significantly modify the associations between renal/heat/respiratory hospitalizations over the 
six days following EH. Specifically, we observed a 20% (95% CI 13–28%) increase in renal/
heat/respiratory hospitalizations among blacks, a 15% (95% CI 11%–19%) increase in renal/
heat/respiratory hospitalizations among individuals aged 78+ years, a 15% (95% CI 11%–
19%) increase in ZIP codes with high “% No HS” and a 15% (95% CI 11%–19%) increase 
in ZIP codes with high “% Built < 1940” for EH vs. non-heat. In contrast, among non-black 
individuals, individuals aged 65–77 years or residents of ZIP codes with low “% no HS” or 
low “% Built < 1940,” the increases in renal/heat hospitalizations during EH vs. non-heat 
were each lower at 9% (95% CI 7%–12%), 7% (95% CI 4%–10%), 8% (95% CI 5%–11%) 
and 9% (95% CI 6–12%), respectively. Nevertheless, the effects were still significantly 
greater than 0.
When examining socioeconomic status modification using “% Poverty” instead of “% No 
HS,” results were similar (Figure S3). Results in five large cities were virtually identical 
when using robust standard errors clustered on ZIP code (results not shown).
 3.3.3 Specific causes: Renal/heat and respiratory hospitalization—Generally, 
the directions of the modifying effects of each of the individual and ZIP-code characteristics 
on the associations between renal/heat and respiratory hospitalizations and EH were the 
same as when the three categories were grouped together (Figure S2). However, these effects 
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were sometimes not significant in the more specific groupings of hospitalization causes, for 
which sample sizes were reduced. As an exception, for renal/heat and respiratory 
hospitalizations, “% Built < 1940” still significantly modified the association between EH 
and hospitalization (Figure S2). Additionally, the increased association between 
hospitalization and EH among men was strongly significant (p < 0.01) for respiratory 
hospitalizations only. However, the odds of respiratory hospitalization for EH vs. non-EH 
were 0.9% greater for women vs. men over lag days 2–5, offsetting the male-female 
difference observed at lag days 0–1 (Figure S2). Therefore, for the six-day cumulative 
effects, male sex did not modify associations between EH and hospitalizations for either 
respiratory or renal/heat causes.
 3.4. Effect modification by ACP
 3.4.1 Overall modifying effects of ACP—For the six-day cumulative EH effects on 
renal/heat/respiratory hospitalizations, associations between EH and hospitalization 
decreased as ACP increased, even when accounting for the other modifying characteristics 
(Figure 2). For example, in the fourth quartile of ACP, the association between 
hospitalization with EH was null (3%, 95% CI = −2%–9%) while in the first quartile of 
ACP, EH vs. non-heat was associated with an 18% (95% CI 12%–24%) increased risk of 
hospitalization for renal/heat/respiratory causes.
 3.4.2 Modifying effects of ACP on individual and ZIP-code effects—The 
modifying effects of the individual and ZIP code characteristics did not differ by quartile of 
ACP, for the most part (Figure 2). The exception was for age. The modifying effects by age 
of the EH-hospitalizations association were stronger in ACP quartiles 1 and 2 as compared 
to ACP quartiles 3 and 4. For example, in ACP quartile 1, among individuals aged 78+ 
years, EH vs. non-heat was associated with a 24% (95% CI 17%–32%) increase in renal/
heat/respiratory hospitalizations as compared to a 12% (95% CI 6%–19%) increase among 
individuals aged 65–77 years, while in ACP quartile 4, the associations between EH and 
hospitalization were null in both age groups. These results were not sensitive to assigning 
quartiles of ACP according to the mean of the annual ACPs instead of according to the 1999 
ACP value (Figure S4).
 4. Discussion
Associations between EH and hospitalizations in the U.S. differed by individual- and ZIP-
code-level characteristics, city-level ACP, and lag time since EH exposure.
 4.1. Vulnerability by ACP and housing
Both ZIP-code-level housing age and city-level ACP modified associations between EH and 
renal/heat/respiratory hospitalizations in models accounting for multiple individual and ZIP 
code characteristics. We were limited in our lack of information on individual- or ZIP-code-
level AC ownership and use. However, in addition to city ACP, the individual and ZIP code 
characteristics, particularly housing age, may have proxied AC ownership. In prior studies, 
vulnerability to heat was greater in cities with lower ACP (Gronlund 2014) or in California 
ZIP codes with lower AC ownership and use (Ostro et al. 2010). Additionally, as described 
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above, in the American Housing Survey data obtained for this study, central AC ownership 
was much higher in houses built in or after 1940 than in those built before 1940. Therefore, 
the pronounced vulnerability to EH-associated renal/heat/respiratory hospitalizations among 
residents of ZIP codes with high “% Built < 1940” may be related to an absence of central 
AC in older homes.
Our results were not sensitive to whether we assigned ACP as the value from 1999 or the 
average of the available annual values. However, due to our analytic methods, we were 
limited to modeling ACP as a time-invariant characteristic. In fact, ACP has been increasing 
over time in the U.S., and a previous study of mortality and heat in the U.S. did not find 
greater declines in the risk of heat-related mortality among cities with larger increases in 
ACP (Bobb et al. 2014). This suggests that ACP may currently play a less important role in 
heat adaptation than our results suggest. However, the potentially greater limitation is our 
lack of individual- or neighborhood-level AC exposure information.
 4.2. Vulnerability among the very old and men
Consistent with other studies of heat and health (Basu 2009), we observed an increased 
association between EH and hospitalization among the very old. Older age may represent 
diminished cardiovascular capacity and thermoregulatory responses to EH among the 
individuals whose hospitalizations were for renal/heat and for respiratory causes.
Care-seeking behaviors may differ between men and women, but it is not clear why we 
observed differences in the increase in respiratory hospitalizations between men and women 
at only the shortest lag and why we did not observe a similar pattern for renal/heat 
hospitalizations. Nevertheless, disparities in EH-associated hospitalization rates that persist 
for only two days are potentially of less policy relevance than disparities that persist for 
months or years. Therefore, these results suggest that future studies of EH vulnerability 
should consider cumulative multi-day vulnerability, as we did. We did not consider lag 
periods longer than 6 days in this study, but future research should examine a longer time 
course of EH-associated morbidity.
 4.3. Vulnerability by area-level socioeconomic status and race
Many prior studies have explored vulnerability to heat by socioeconomic status, race and/or 
ethnicity, and results for vulnerability according to race or ethnicity in the U.S. have been 
inconsistent across studies (Gronlund 2014). In particular, in California, the differences in 
the excess risk of emergency room visit according to whether the patient was white, 
Hispanic, black or Asian differed in magnitude and direction according to the cause of 
admission. For example, fewer heat-associated respiratory but more heat-associated 
ischemic stroke visits occurred among Hispanics vs. whites (Basu et al. 2012).
One strength of our study was our simultaneous control of multiple individual and area 
confounders, and with this control, we did not find significant effects of an area measure of 
race. However, we did find significantly greater effects of EH on hospitalization for renal, 
heat or respiratory causes among blacks. Presumably, EH-associated hospitalizations for 
particular causes reflect increased vulnerability to EH among individuals with that pre-
existing health condition rather than a new onset of renal or respiratory disease. Therefore, 
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one explanation for the increased association between EH and renal/heat/respiratory 
hospitalizations among blacks may be poorer general health among blacks than non-blacks, 
even among individuals with pre-existing renal or respiratory conditions. For example, race 
was predictive of lower functional level among 520 individuals with advanced chronic 
obstructive pulmonary disease (Rambod et al. 2012). In turn, poorer health may be related to 
lower health care utilization and less treatment among blacks than whites (Shaya et al. 2009, 
Kirkpatrick et al. 2009).
Individuals of low socioeconomic status, as measured by education, income or a latent 
construct, are often found to be more vulnerable to EH (Anderson et al. 2009, Fletcher et al. 
2012, Madrigano et al. 2013, O’Neill et al. 2003, Zanobetti et al. 2013). Vulnerability by 
education or poverty was present in our study despite control for area housing age and 
imperviousness, suggesting pathways of socioeconomic vulnerability beyond built 
environment characteristics. However, our ZIP-code level measures of socioeconomic status 
and built environment characteristics were coarse, and future research should use more 
finely spatially resolved health and exposure information.
 4.4. Lack of vulnerability by non-green space
We expected non-green space to strongly predict heat-related health effects given that 
canopy cover, vegetation, imperviousness and land development predict much intra-regional 
temperature variation (Hart et al. 2009, Kloog et al. 2012, Oswald et al. 2012, Zhou et al. 
2014). However, non-green space was not a modifier in any model at any lag in our study. 
This is inconsistent with other studies which found differential vulnerability to heat-
associated mortality in Michigan, Phoenix, Arizona and Barcelona, Spain by perception of 
green space, vegetation or imperviousness, even with control for other socioeconomic 
characteristics (Gronlund et al. 2015, Harlan et al. 2013, Xu et al. 2013), although in 
Barcelona, the measured, as opposed to perceived, tree cover in a census tract was not a 
significant modifier. Uejio and colleagues (2011) also found imperviousness in a census 
block group (smaller than a ZIP code) to predict heat distress ambulance calls in Phoenix, 
Arizona but not heat-related mortality in Philadelphia, Pennsylvania. This absence of effect 
modification may reflect true absence of increased vulnerability with higher non-green 
space. However, this may also simply reflect exposure misclassification in our use of 
spatially coarse land cover information, which is a substantial limitation of our study.
 4.6. Additional Limitations
Additional limitations included potential misclassification of our main EH effect, given our 
use of temperatures from the nearest airport instead of finely-spatially resolved EH 
exposure. Our main EH exposure may also have been temporally misclassified, considering 
we didn’t know the date or time of the onset of the condition which eventually led to each 
individual’s hospitalization. Additionally, the ICD codes used for classifying 
hospitalizations as due to renal, heat or respiratory disease could have been inaccurate, 
although we chose broad categories to minimize this potential misclassification.
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In conclusion, we observed increased vulnerability among the elderly to EH-associated 
hospitalization for renal and heat and/or respiratory causes among the very old; among 
blacks; among individuals in ZIP codes with high percentages of residents of low 
socioeconomic status and housing built before 1940; and in cities with lower ACP. For 
several characteristics, information was only available at a level of ZIP code or city, and 
analyses using more finely resolved spatial information are important to better understand 
individual and neighborhood level characteristics of vulnerability. Given our nationwide 
sample of elderly Medicare beneficiaries, our results are highly generalizable across the U.S. 
Our findings may be helpful to communities in adapting to climate change.
 Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Percent increases and 95% confidence intervals for admission to the hospital for renal, heat 
or respiratory causes among individuals aged 65 years and older for the two-day (A) or six-
day (B) cumulative effects of extreme heat (EH, temperature > 97th percentile) vs. non-heat 
(temperature < 90th percentile) among individuals with (high) or without (low) the 
characteristic (individual level) or among individuals residing in ZIP codes in the 75th 
percentile (high) or 25th percentile (low) of the characteristic (ZIP-code level), holding the 
other characteristics at the study-wide median values, May–September, 1992–2006.
Gronlund et al. Page 16














Percent increases and 95% confidence intervals for admission to the hospital for renal, heat 
or respiratory causes among individuals aged 65 years and older for the six-day cumulative 
effects of extreme heat (EH, temperature > 97th percentile) vs. non-heat (temperature < 90th 
percentile) among individuals with (high) or without (low) the characteristic (individual 
level) or among individuals residing in ZIP codes in the 75th percentile (high) or 25th 
percentile (low) of the characteristic (ZIP-code level), holding the other characteristics at the 
study-wide median values, by quartiles of citywide air conditioning prevalence (ACP), May–
September, 1992–2006. (See Table S2 for corresponding values.)
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